The present study aims at assessing a non-destructive optical method for determining the internal quality of mulberry juice. First, UV-IR spectra (300-1100 nm) were acquired for each sample with a spectral resolution of 2 nm. Then the calibration set, composed of 70 and 38 samples, was used as the validation set. Next, two types of pre-processing multiplicative scatter correction)MSC(and standard normal variate)SNV(were used before analysing the data with multivariate calibration methods of PLS and GA-PLS. The following results were obtained including the correlation coefficient (r) of 0.94, 0.89, 0.98, and 0.95 and root mean square error of validation (RMSEV) 1.31°Brix, 0.52, 0.014, and 0.014 for total soluble solid (TSS), titratable acidity (TA), ascorbic acid (AA), and total anthocyanin content (AC) of mulberry juice, respectively. After that, GA-PLS was applied to select the efficient spectral regions. Model using 31 variables and 15 factors presented and yielded the best prediction results. The best combinations of 21 spectral intervals among 40 intervals selected by GA-PLS also yielded good results with RMSEV = 0.03096, r = 0.96; RMSEV = 0.062, r = 0.98, RMSEV = 0.041, r = 0.98; RMSEV = 0.0006, r = 0.96 for TSS, AA, TA, and AC of mulberry juice, respectively. Finally, it was concluded that using the UV-IR measurement technique, spectral range (300-1100 nm), it was possible to assess the quality characteristics of mulberry juice.
Introduction
Horticultural plants have high intra and inter diversity and are very important for human diet as sources of vitamins, minerals, and dietary fibre. They become a significant part of human life moreover due to their medicinal and environmental uses as well as aesthetics and economic values. The stem, leaf, flowers, roots, and the fruits of vegetables and fruit crops have the highest potential of export. [1] [2] [3] [4] Among tropical and subtropical fruit species, mulberry (Morus spp.) belongs to the genus Morus and the Moraceae family which is widely distributed in East, West and South East Asia, South Europe, South of North America, Northwest of South America, and some parts of Africa. Today, due to the nutrient value, the mulberry fruits are usually eaten both fresh and also utilized in various forms such as syrup, jam, pulp, ice-cream, and vinegar. [5] Recent researches have revealed that mulberry fruits produce positive effects on human diet and health due to the help of its compounds such as the presence of fats and significant variation of fatty acids, ascorbic acid, minerals, phenols, and flavonoids, [6] some organic acids, [7] and anthocyanin content. [8] However, the most important property of mulberry fruit for its pharmaceutical value is its antioxidant capacity. [9] Ozgen et al. [10] stated that mulberry fruit had essential effects in human health because of its antioxidant contents, and the acidity and sugar content are the other important internal attributes of mulberry fruit as well.
Evaluation of internal quality attributes of the agricultural products is one of most important operations in fruit post-harvest management. The evaluation method for assessment of nutritional material quality of fruit during ripening has to be simple, accurate, quick, and also non-destructive. One of that techniques is near-infrared (NIR) spectroscopy. During the last 40 years, NIR spectroscopy has been used in agricultural and other industries because it is a fast, low-cost, and non-destructive analytical technique. This method also does not need any sample preparation. [11] In food industry, some of the internal chemical parameters were applied to evaluate quality and analysis, such as ethanol, water, sugars, organic acids, phenolic compounds, and oxidation. [12] Furthermore, spectroscopy can be applied in quality measurement using different wavelength regions, including Visible (Vis: 350-750 nm), Near-Infrared (NIR: 750-2500 nm), Full Range (FR: 350-2500 nm), and Mid-Infrared (MIR: 2500-25,000 nm). Among them, the application of visible and shortwave NIR (350-1100 nm) appears to be particularly promising, because the bands are ascribed to the third and fourth overtones of O-H and C-H stretching modes and the corresponding instrumentation is of low cost and portable enough for in-field measurement applications. [13] Examples of the recent studies using Vis/SWNIR to measure the SSC and pH of fruits and fruit products included pomegranate, [14] oranges, [15] and rice. [16] Multivariate statistical methods, also called non-linear calibration model, are therefore needed to extract the information about quality of chemical characteristics which is latented in the NIR spectrum. One of the methods used was partial least square (PLS) model. However, Partial least square regression (PLSR) was developed and used to both calibration and predication samples. For example, Shao and He [17] used Vis/NIR to predict the SSC and pH in bayberry juice. The data were analyzed with multivariate calibration methods of PLS. A model with a regression coefficient of 0.85, a standard error of prediction (SEP) of 0.40 g/100 ml, and a bias of −0.14 and 0.92, 0.19 g/100 ml and −0.50 for SSC and pH, respectively, showed a good prediction performance. Liu et al. [18] investigated the feasibility of the NIR spectroscopy to assess SSC and pH of rice wines. A partial least squares model was constructed in order to predict SSC and pH of rice wines based on the transmission spectra. The correlation coefficient (r), standard error of prediction (SEP), and root mean square error of prediction (RMSEP) were 0.95, 0.16, and 0.17 for SSC and 0.94, 0.02, and 0.02 for pH, respectively.
The aim of the present research was to investigate the possibility of UV-IR spectroscopy in measuring the internal chemical parameters (such as total soluble solids (TSS), titratable acidity (TA), ascorbic acid (AA), and total anthocyanin content (AC)) of mulberry juice and to establish a relationship between spectral reflectivity and destructive parameters using multivariate calibration methods, such as PLS analysis.
Materials and methods

Sample preparation
Mulberry fruits (Morus nigra L.) were manually harvested from mature trees in Ramin Agriculture and Natural Resources University of Khuzestan (Mollasani, 31°N, 48°E, 35 km north east of Ahvaz, Iran). Fruits were immediately transported to the laboratory. Fresh fruits were squeezed in by a home juicer. The pulp-juice mixture of each fruit was filtered through cotton pads then centrifuged at 10,000 g for 10 min to remove the pulp. After that, they were stored in a −4°C temperature until analysis. The nutritional quality including total soluble solid (TSS), titratable acidity (TA), ascorbic acid (AA), and total anthocyanin content (AC) of Mulberry juice were studied using UV-IR spectroscopy analysis.
Reflectance measurements
The samples were stored in a refrigerator and transported to the laboratory to be retained at cold temperature (4°C ± 1°C) before NIR spectroscopy analysis. Reflectance measurement techniques have been successfully applied to measure agriculture product quality. [19] In this research, a spectrometer (model, SPEKOL® 2000, made in USA) was used to collect spectra data from mulberry juice, which is designed to perform measurement within the spectral range of 190-1100 nm, and the resolution (wavelength accuracy ≤1 nm) of spectra was set to 2 nm during measurements. All the reflectance spectra of mulberry juice were measured in the lab under the room temperature (25°C). Each sample was scanned 10 times at the same place, with a spectrophotometer, and all spectrums were recorded. In total, 108 spectra of mulberry juice samples were obtained.
Destructive parameters
Analysis of composition Total soluble solids (TSS) were determined by a hand refractometer device (model: MT03 Japan) and expressed as°Brix. The anthocyanin content was estimated following the procedure of Holecraft et al. [20] Ascorbic acid of the juice was measured by titration with copper sulfate and potassium iodide based on the Barakat et al. [21] procedure. Titratable acidity was measured according to the AOAC method. [22] Spectral per-processing
To get the optimal performance of NIR spectroscopy analysis, the spectral data was pre-processed prior to the calibration. Pre-processing of spectral data is a key part of spectral analysis to improve the accuracy of developing models. Pre-processing is usually conducted to furnish more parsimonious PLS models, by avoiding the presence of certain spectral trends before regression. [23] In this study, to improve the performance of PLS model, multiplicative scatter correction (MSC) and standard normal variant (SNV) transformation which were found to be the best preprocessing technique and offered by most chemometrics software packages were applied on spectral data. Detail explanation about these preprocessing techniques was presented by Nicolai et al. [11] The pre-treatments were implemented in Matlab software (MathWorks, Inc., Natick, Massachusetts, USA) and applied on spectral data.
Partial least squares (PLS) analysis
PLS, which is an efficient statistical regression technique, was introduced almost 30 years ago to overcome collinearity. [24] As multivariate data analysis method, PLS has been widely employed in Vis/NIR spectroscopy analysis. PLS analysis can be performed to create the regression model leading to the content prediction of chemical components. In this method, simultaneously, the matrix of independent (X) and dependent (Y) variables is considered. After preprocessing of the spectra, PLS models were developed which related the UV-IR spectra and the TSS, AC, AA, and TA in each tested mulberry juice. In order to avoid overfitting of the models, the calibration models were formulated with cross-validation (leave one out cross-validation) according to the predictive residual error sum of squares (PRESS) statistic. [18] The accuracy of NIR models for fruit quality prediction is usually described by the value of the r, the root mean square error of calibration (RMSEC) (Eq. 1), the RMSECV (Eq. 2) and bias (Eq. 3). [25, 26] In this study, mulberry juice samples for modeling were split into a calibration (n = 70) set and a validation set (n = 38). A good model should have the lower RMSEC and RMSECV and higher correlation coefficient (r or R) or coefficient of determination (r 2 or R 2 ).
where n is the number of spectra, y act is the actual value, y mean the mean value, y cal is the calculated value, and y pred is the predicted value of the fruit juice attribute. The adequate wavelengths describing the feature of spectra TSS, TA, AC, and AA were determined by x-loading weights. PLS loading weights were specific to PLS and expressed by the information at each wavelength (X-variable) related to the variation in TSS, TA, AC, and AA (Y-variable). The loading weights were normalised, so that their lengths could be interpreted as well as their directions. Wavelengths (variables) with large loading weight values were important for the prediction of TSS, TA, AC, and AA (Y). The PLS was performed using Matlab.
GA-PLS
The genetic algorithm (GA) was applied to select the subset of n wavelength taken from the total spectral data set. The selection of variables for multivariate calibration can be considered an optimisation problem. Usually, a GA is used to implement an automated wavelength selection procedure to build multivariate calibration models and is a suitable method for selecting wavelengths for PLS, MLR, and ANN. [27] Genetic algorithm optimisation combined with partial least squares regression is the most used method in NIR spectroscopic data sets, which combines the advantages of GA and PLS. [28] The GA could find optimal values for several disparate variables associated with the calibration model. In this research, crossover with mutation was used and operated on a population of binary-encoded chromosomes, with each chromosome representing n candidate wavelengths. The probability of crossover, probability of mutation, and population sizes were 0.8, 0.15, and 500, respectively. A rank-based scheme for selection of parent chromosomes for the next generation was performed. To find the most effective wavelengths, the RMS error of prediction of model developed with PLS was used as a criterion of convergence judgment. [27] Results and discussion Figure 1a shows the original spectra of 17 mulberry juice samples. Figure 1b shows the result of multiplicative scatter correction as well as standard normal variant (SNV) pre-processing methods. These methods are appropriate for light scatter correction and reducing the effect of the changes of light path-length or concentration variation of juice samples.
Feature of Vis/NIR spectra
Prediction result of PLS analysis for total soluble solid (TSS), titratable acidity (TA), ascorbic acid (AA), total anthocyanin content (AC)
PLS model was developed to predict TSS, TA, AC, and AA of mulberry juice with eight latent variables. The results of prediction and cross-validation are shown in Table 1 . The correlation coefficient (r c ) of 0.93, 0.96, 0.86, and 0.96 and root mean square error of calibration (RMSEC) for 1.26°Brix, 0.20, 0.48, and 0.018 and standard error of calibration (SEC) 0.036°Brix, 0.008, 0.011 and 0.0007 indicated that models made by PLSR could quantify TSS, TA, AA, and AC of mulberry juice, respectively. The results showed a good performance of using UV-IR spectroscopy and PLS analysis method for determination of the internal chemical parameters (TSS, TA, AA, and AC) of mulberry juice in this study. The prediction accuracy is higher than that reported by Shao and He [17] who applied UV-IR spectroscopy to determine the SSC (r = 0.85) and pH (r = 0.92) in bayberry juice. It is also slightly better than that obtained by Schaare and Fraser [29] with r of 0.94 for prediction SSC on kiwifruit. This result is the same as obtained by Liu et al. [18] for assessing SSC of rice wines, that the correlation coefficient (r), standard error of prediction (SEP), and root mean square error of prediction (RMSEP) were 0.95, 0.16, and 0.17 for SSC, respectively. Urbano-Cuadrado et al. [30] have developed a model for prediction of sugars in different types of wine using NIR reflectance spectroscopy. The correlation relationship between the observed and predicted values obtained in their research for TSS (the r value was 0.844) was less accurate than the correlation coefficient results in the present research (r = 0.93). Mat Nawi et al. [31] developed PLS model to predicate SSC of sugarcane based on skin scanning using absorbance spectra data. The r and RMSEP values for predication model were 0.91 and 0.271°Brix, respectively.
GA-PLS model
The calibration involved deciding and selecting an optimal numbers of wavelengths used for model development. The results of GA-PLS model were presented in Table 1 . A good model should only use variables presented better predictions with low RMSEC and RMSEV, high correlation coefficient, and small difference between RMSEC and RMSEV in relation to the full model. As in the interval PLS model, the data set was split into 40 intervals. The optimal combinations of 21 spectral intervals among 40 intervals which were selected by GA-PLS also yielded good results: RMSEC = 0. respectively. This result is the same as obtained by Xiaobo et al. [28] for assessing SSC of "Fuji" apple based on GA-PLS model; RMSECV, RMSEC, r v , and r c were 0.3126, 0.1907, 0.9635, and 0.96361 for SSC, respectively. The present study also shows that the GA can be a good method for feature selection in spectral data sets. The results obtained on data set of TSS, AA, TA, and AC of mulberry juice demonstrate that the predictive ability of models obtained with the wavelengths selected by the GA algorithm is very often much better. The best TSS, AA, TA, and AC predictions were obtained from 15-factor model using the 31 variables selected by GA-PLS. Figure 2 shows the performance of the GA-PLS and PLS models for prediction of TSS, TA, AC, and AA.
In all figures, the ordinate and abscissa axes represent the observed and the predicted values of the appropriate parameters, respectively. The correlation coefficient between the observed and predicted values of the parameters obtained (i.e., TSS and TA) using GA-PLS and PLS is higher than the results reported by previous research. [28, 32, 33] As shown in Fig. 3 , with the selected wavelengths using GA, PLS model gave better performance than full spectrum. These results are in agreement with previous research such as Gomez et al. [34] For TSS, the best combinations of selected explanatory interval were number 12, 13, 17, 18, and 20. These intervals were corresponded to 730-750, 770-790, 930-950, 970-990, and 1050-1070 nm in spectral regions, which is shown in Fig. 2 . Also for AA, the best combinations of interval selected were number 12, 13, 15, 17, 18, 19 , and 20. They were corresponding to 730-750, 770-790, 850-870, 930-950, 970-990, and 1050-1070 nm in spectral regions. Maurizio et al. [35] examined the SSC of "Golden Delicious" and "Jonagold" with a wavelength range of 810-999 nm. Furthermore, GA-PLS was applied to the data set and resulted in the selection of three wavelengths for TA (930-950, 970-990, and 1050-1070) and four (770-790, 930-950, 970-990, and 1050-1070) for AC.
Effective wavelength for predicting TSS, TA, AC, and AA Information about which wavelength contributes most to the prediction of the destructive internal parameters can be derived from the regression coefficients of the PLS model containing eight latent variables. An indication of the relative importance of the different wavelengths for prediction of a variable can be obtained from the produce between the regression coefficients and the standard deviation of the spectral. As this product term for the TSS, AA, TA, and AC is shown in Fig. 4 , there are some strong peaks and valleys at certain wavelengths, such as 350-420, 420-500, and 500-600 in visible region, and also 740-800, and 950-1100 nm in NIR region related to TSS. This result is in agreement with Shao and He [17] who have reported the wavelength around 650-680 and 970-990 nm was relatively the most important wavelengths for SSC prediction in bayberry juice.
It can be perceived from Fig. 4 that the wavelength regions of 399-500, 520-600, 750-800, 850-950, and 950-1000 nm are the most adequate for determination of TA of mulberry juice. While the wavelengths between 738 and 970 nm are due possible to the results of a 3rd and 2 nd , the shared waveband of 910 and 970 nm for TA was produced by 2nd of overtone stretch of OH and 3rd overtone stretch of CH, respectively. This was referred by Golic et al. [36] in their paper for the band assignments of the major water and sugar (O-H and C-H) in fruit juices by NIR/Vis spectroscopy. Thus, the 738, 970, and 910 nm might be the sensitive wavelengths for TSS and TA of mulberry juices, respectively. Furthermore, the water absorption bands are fairly broad with centres at approximately 970, 1200, 1450, 1950, and 2250 nm. [37] Moreover, the optimum conditions for the sensing of AA were concluded to be around 400-600, 900-950, 750-930, and 1000-1100 nm. The region about 400-600 was found to be in agreement with the results obtained by Somers [38] who declared that peaks in the visible region (450-640 nm) may represent the wine colour differences because 540 nm was related to the wine pigments (total anthocyanin). For the sensing of AC, the spectral ranges around 350-399, 450, 500-700, 750-800, and 940-1000 nm were relatively consistent.
Wavelengths around 450 and 900-940 nm TSS, TA and AC show relatively inverse relationship with AA. Furthermore, the shape of the curves around wavelengths range 500-680 nm for TSS, AA and AC compared with TA is almost identical except that they are each other's mirror images. The inverse shape can be explained by fact that, for example, while the AC increases the TA decreases in wavelengths range 500-680 nm. Burdurlu et al. [39] reported that ascorbic acid decomposes easily in acid solution. Saguy et al. [40] observed that, at constant temperature, the rate of AA degradation in grapefruit increased steadily with increase of the TSS. In fact, the correlation between the TSS, AA and AC with TA curves in 500-680 nm are −0.58, −0.69, −0.76 conversely, and curve shapes in wavelengths ranges around 450-500 and 690-735 nm were roughly similar and curves have a positive correlation.
Conclusions
In this study, UV-IR as a low-cost alternative and non-destructive method was utilised for predication of the internal chemical parameters (TSS, TA, AA, and AC) of mulberry juice. The multivariate calibration methods of PLS was used to establish model between internal parameter and the absorbance spectra. An excellent precision was achieved with the correlation coefficient (r) of 0.94, 0.89, 0.98, and 0.95 and root mean square error of validation (RMSEV) 1.31°Brix, 0.52, 0.014, and 0.014 for TSS, AA, TA, and AC of mulberry juice, respectively. GA was also applied to select the efficient spectral regions. Model using 31 variables and 15 factors presented and yielded the best prediction results. The best combinations of 7 spectral intervals among 21 intervals which were selected by GA-PLS also yielded good results with RMSEV = 0.03096, r = 0.96; RMSEV = 0.062, r = 0.98, RMSEV = 0.041, r = 0.98; RMSEV = 0.0006, r = 0.96 for TSS, AA, TA, and AC of mulberry juice, respectively. Finally, it was concluded that by using the UV-IR measurement technique, spectral range (300-1100 nm), it is possible to assess the quality characteristics of mulberry juice. The present study also shows that the GA can be a good method for feature selection in spectral data sets.
